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Abstract

Collecting a dataset with a corresponding labeled gaze vector requires a high cost in the gaze estimation field. In this paper, we
suggest a data augmentation of manipulating the gaze of an original image, which improves the accuracy of the gaze estimation
model when the number of given gaze labels is restricted. By conducting multi-class gaze bin classification as an auxiliary task
and adjusting the latent variable of the diffusion model, the model semantically edits the gaze from the original image. We
manipulate a non-binary attribute, pitch and yaw of gaze vector to a desired range and uses the edited image as an augmented
train data. The improved gaze accuracy of the gaze estimation network in the semi-supervised learning validates the effectiveness
of our data augmentation, especially when the number of gaze labels is 50k or less.
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(a) Train process with general image augmentation

Rotation angle
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(b) Train process with image rotated augmentation [15]
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(c) Train process with gaze-manipulated augmentation (Ours)

Figure 1: Comparison of general and proposed data augmentation
for training a gaze estimation network. Compared to general aug-
mentation, our augmentation revises the gaze label of the original
image to a desired class index (i, j), which corresponds to the tar-
get angle for pitch and yaw of gaze vector.
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(a) Overview of architecture at train phase
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(3) Image Reconstruction

(b) Semantic Gaze Manipulation
Module(SGMM) for image manipulation phase

Figure 2: Model overview. At the train phase, the model learns to reconstruct images from the original image x and latent variable z; .

Meanwhile, the predicted probability for each class §piicn and §yqu

from the linear classifier is compared with the ground truth label

Ypitch and Yyqq. At the manipulation phase, our Semantic Gaze Manipulating Module(SGMM) aims to generate a revised image of a
person looking in the direction of a target pitch and yaw class, ¢; and c;. The weight vector W p;;c,,, and Wyamcj are combined with
Zface O generate z¢, .. According to the phase, conditional input either z¢,ce or z’f&Ce is passed to the conditional DDIM with timestamp

t and image x;, which predicts added noise €.
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Table 1: Evaluation of semi-supervised learning with respect to
number of sub-dataset. Each value denotes the angular error be-
tween the predicted and ground truth gaze vector in degrees.

Method 3k Sk 10k 20k 50k
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Figure 3: Visualization of gaze-manipulated augmented images. The first and second integers in each parentheses refer to the target
class index for the yaw and pitch of a gaze vector. The gaze vector of the revised image moves leftwards as the yaw index decreases and
downwards as the pitch index decreases, in the perspective of the subject.
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